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Image super-resolution reconstruction based on
multi-scale feature loss function

Xu Liang, Fu Randi”, Jin Wei, Tang Biao, Wang Shangli
School of Information Science and Engineering, Ningbo University, Ningbo, Zhejiang 315211, China

Abstract: In the image super-resolution reconstruction, many methods based on deep learning mostly adopt the
traditional mean squared error (MSE) as the loss function, and the reconstructed image is prone to the problem of
fuzzy details and too smooth. In order to solve this problem, this paper improves the traditional mean square error
loss function and proposes an image super-resolution reconstruction method based on multi-scale feature loss
function. The whole network model consists of a DenseNet-based reconstruction model and a convolutional neural
network which is used to optimize the multi-scale feature loss function. Taking the reconstructed image and the
corresponding original HD image as the input of the convolved neural network in series, the mean square error of the
different scale feature images obtained by convolution of the reconstructed image with the corresponding original HD
image was calculated. Experimental results show that the method in this paper is improved in subjective vision,
PSRN and SSIM.
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Dataset Scale Bicubic SRCNN DnCNN-3 Based on DenseNet Our method
2x 33.66/0.9299 36.66/0.9542 37.58/0.9590 37.79/0.9589 37.98/0.9632

Set5 3x 30.39/0.8682 32.75/0.9090 33.75/0.9222 33.99/0.9256 34.36/0.9264
4x 28.42/0.8104 30.48/0.8628 31.40/0.8845 30.93/0.8754 31.32/0.8819

2x 30.24/0.8688 32.42/0.9063 33.03/0.9128 33.48/0.9145 33.69/0.9175

Set14 3x 27.55/0.7742 29.28/0.8209 29.81/0.8321 29.60/0.8281 29.69/0.8296
4x 26.00/0.7072 27.49/0.7503 28.04/0.7672 28.29/0.7689 28.56/0.7714

2x 29.56/0.8431 31.36/0.8879 31.90/0.8961 32.19/0.8988 32.73/0.9023

BSD100 3x 27.21/0.7385 28.41/0.7863 28.85/0.7981 29.18/0.8001 29.43/0.8103
4x 25.96/0.6675 26.90/0.7101 27.29/0.7253 27.03/0.7203 27.24/0.7232
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Fig. 5 The reconstructed results based on the DenseNet reconstruction model and the traditional mean square error as the loss
function are compared with the method in this paper
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Image super-resolution reconstruction model based on multi-scale feature loss function

Overview: In recent years, with the research and development of deep learning, it has been widely used in image
processing. Compared with the traditional shallow learning, which can only extract the features of images simply, deep
learning can learn the deeper feature representation, so as to have better performance in image processing. The tradi-
tional mean squared error (MSE) as the loss function is mostly adopted in the image super-resolution based on deep
learning to obtain better PSNR, such as SRCNN, FSRCNN, and SRDenseNet. However, the reconstructed image is
prone to edge blur and may be too smooth. The multi-scale loss function proposed in this paper can improve this prob-
lem. Based on the analysis of SRCNN, FSRCNN, SRDenseNet, and other methods, the reconstruction model was built
with the DenseNet model as the basic framework, and a three-layer convolutional neural network was connected after
the reconstruction model to calculate the multi-scale feature loss function. The reconstruction model consists of four
parts: dense connection block, dimension reduction layer, deconvolution layer, and reconstruction layer. Each dense
connection block is composed of 4 convolution layers, and 3x3 convolution kernel is adopted. The number of feature
maps output by each dense connection block is 256. Since the output of all dense connection blocks is concatenated, the
feature map is reduced to 256 by means of 1x1 convolution kernel in the dimension reduction layer to reduce the com-
putational burden. After the deconvolution layer, a single channel image is reconstructed by 3x3 convolution kernel. At
last, the reconstructed image and the corresponding original HD image were extracted by the three-layer convolution
neural network in series, and the difference between the reconstructed image and the original HD image was compared
by calculating the mean square error. This article uses Yang91 and BSD200 dataset that consists of 291 images. Consi-
dering that the training of convolution neural network depends on a large number of data samples, the original 291 data
sets are extended to ensure sufficient samples. First, the original sample set was flipped from left to right and from top to
bottom, and the training sample set was 4 times more than the original one, obtaining 291+(291x4)=1455 training sam-
ples. Then, the original sample size is enlarged by 2, 3, and 4 times, respectively, with further 180° mirror transformation.
After that, 291x2x3=1746 training samples were obtained, with total samples 1455+1746=3201. Set5, Set14 and BSD100
were selected as the standard evaluation dataset in the field of super-resolution research for the test samples, and objec-
tive indicators were evaluated using peak signal to noise ratio (PSNR) and structural similarity (SSIM). The experimen-
tal results show that the details of the reconstructed images become richer and the edge blur is improved.

Citation: Xu L, Fu R D, Jin W, et al. Image super-resolution reconstruction based on multi-scale feature loss function[J].
Opto-Electronic Engineering, 2019, 46(11): 180419
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